We investigate the relationship between social interaction and household finances using the British Household Panel Survey. We explore the relationship between a wide range of aspects of household finances and social interaction, rather than focusing on one particular facet of household finances, such as the holding of stocks and shares. We develop a Bayesian statistical framework to simultaneously explore both sides of the household balance sheet-liabilities and assets. Additionally, we allow the influence of social interaction on household finances to be time dependent, enabling us to model the effects of social interaction from a dynamic perspective. We also develop a two-part model to jointly investigate the influence of social interaction on the amount of different types of debt and financial assets held conditional on holding the different types of debt and assets. Our analysis suggests that social interaction is associated with households holding larger amounts of debt and assets.
Introduction and Background
There is a growing body of empirical literature analyzing the implications of social capital and social interaction in the economy. For example, at the microeconomic level, there has been interest in the relationship between social interaction, social capital, and socio-economic outcomes such as educational attainment and employment (see, e.g., Glaeser et al., 2002; Brown and Taylor, 2009 ); whilst at the macroeconomic level, the debate has focused on the relationship between social capital and economic growth (see, e.g., Knack and Keefer, 1997; Algan and Cahuc, 2010) . Recent work has conjectured that social interaction and social capital might influence financial decision-making at the individual or Note: We are grateful to the Data Archive at the University of Essex for supplying the British Household Panel Survey waves 1 to 15. We are very grateful to the editor, two referees, Arne Risa Hole, and Anita Ratcliffe for excellent comments and advice. Sarah Brown is grateful for financial support from the Leverhulme Trust for the Major Research Fellowship 2011-007. The normal disclaimer applies. *Correspondence to: Sarah Brown, University of Sheffield, Department of Economics, 9 Mappin Street, Sheffield S1 4DT, UK (sarah.brown@sheffield.ac.uk).
household level focusing on stock market participation. Such an effect could occur through word-of-mouth or observational learning (e.g., Banerjee, 1992; Ellison and Fudenberg, 1995) , operating via the diffusion of information relating to, for example, stock market opportunities or how to actually participate in the stock market (Hong et al., 2004) . Such channels of learning are arguably particularly relevant in the context of financial assets which are relatively complicated to acquire, such as stocks and shares. Thus, the decision to invest in financial assets, as well as the type of assets to invest in, may be influenced by the decisions of and advice from work colleagues, friends, and family. Hong et al. (2004) present evidence supporting a positive association between social interaction (measured by church attendance and interaction with neighbors) and stock market participation in the U.S. Furthermore, this relationship is found to be more pronounced for individuals who reside in communities characterized by higher stock market participation rates. Similarly, Ivkovic and Weisbenner (2007) report a positive relationship between a household's stock purchases and those made by neighbors. establish a causal link between an individual's decision to own stocks and the average stock market participation of the individual's community. Moreover, the latter result is found to be stronger within more social communities, as measured by whether households are likely to be asked by neighbors for advice. In a similar vein, Guiso et al. (2008) explore the relationship between trust and stock market participation and find that less trusting individuals are less likely to purchase stocks. More recently, Christelis et al. (2010) find that socially active households are more likely to own shares.
The aim of this paper is to explore the implications of social interaction for household financial decision-making in recognition of the fact that the household financial portfolio is more than just the holding of stocks and shares, which has been the primary focus of the existing literature. Given the heterogeneous nature of financial assets in terms of, for example, the associated financial risk and complexity, one might conjecture that the influence of social interaction may vary across the different types of assets. In addition, we allow for the opposite side of the household balance sheet, which has attracted limited interest in the existing literature in this area, namely household debt. It is apparent that social interaction may potentially have implications for household debt: as argued by Georgarakos et al. (2010) , more sociable households may be more likely to receive financial support from family or friends if faced with financial difficulties.
1 To be specific, we explore the relationship between social interaction and a wide range of aspects of the financial portfolio. We make a methodological contribution to the existing literature by developing a Bayesian approach to model this relationship within a joint framework. Our joint modeling approach is highly flexible, allowing social interaction to exert different influences on the different aspects of the financial portfolio yet allowing for the potential interdependence between them. Our Bayesian approach allows us to simultaneously model more financial decisions than in the existing literature. In addition, in order to model continuous measures of debt and asset holding, we develop a two-part model to allow for the holding of zero assets and debt. Finally, in contrast to the existing literature, which has generally focused on cross-section data, we exploit panel data which allows us to make an additional contribution by allowing the effect of social interaction on household finances to be time dependent. Hence, we model the effects of social interaction from a dynamic perspective.
In terms of jointly modeling the probability of holding six different types of debt and six different types of financial assets, our results suggest that the effect of social interaction on household finances is not just restricted to share ownership, with positive effects found for both assets and liabilities, that is, both sides of the balance sheet. However, there are differences with respect to the size of the influence of social interaction on the various components of household finances analyzed. Similarly, in terms of jointly modeling the continuous outcomes in the two-part model, that is, the value of unsecured debt, secured debt, non-housing financial assets, and housing assets, social interaction is found to positively influence the probability of holding each liability and asset, that is, a non-zero value, and, conditional on holding the particular liability or asset, social interaction increases the amount of each type of debt and asset held.
Empirical Framework
We explore the relationship between household finances and social interaction in the context of two different statistical frameworks. First, we model the relationship between household finances and social interaction by developing a multivariate logit model distinguishing between the joint holding of six different types of assets and six different types of debt. We then focus on the relationship between social interaction and the amount of the assets and liabilities held by specifying a framework whereby we jointly model the amount of unsecured debt, the amount of secured debt, the value of housing assets, and the value of nonhousing financial assets held at the household level, conditional on holding the particular type of asset or liability.
2,3 A joint modeling approach to modeling household debt and assets has been adopted by Brown et al. (2013) , who explore the relationship between attitudes toward risk and household debt. Their findings support an inverse relationship.
2 In our sample, 63 percent of households hold both financial assets and debt, which, as expected, varies over the life cycle. The following percentages indicate the proportion of households holding both assets and debt with a head of household aged 18-24, 25-34, 35-44, 45-54, and 55 and over: 5, 24, 35, 27, and 9 percent, respectively. 3 The simultaneous holding of debt and assets, which has been observed in many developed countries, has attracted considerable attention in the existing theoretical literature on household finances. In particular, the "credit card debt puzzle" is well known in the literature, where households simultaneously revolve credit card debt whilst holding liquid financial assets (see, e.g., Gross and Souleles, 2002) . The widespread evidence indicating that households simultaneously hold debt and financial assets suggests that a joint approach is appropriate for modeling household financial portfolios.
With respect to the holding of assets and/or debt, let ykit ∈ {0; 1} denote the incidence of holding the k(= 1, 2, . . . , K) th financial asset or type of debt, where K = 12, by the i(= 1, 2, . . . I) th household at time t(= 1, 2, . . . , T). We model each of the ykit as having a binary distribution with the probability of incidence denoted by pkit and, in turn, we model the pkit using a logit link function. Thus, we assume that household i's joint holding of assets and debt is governed by the following stochastic process:
where Xkit represents the vector of explanatory variables (detailed below), and SIkit denotes social interaction, where the coefficient on the social interaction measure is assumed to be time dependent. The time varying parameter, αkt, which is allowed to vary each year, is an important feature of our contribution (see Dangl and Halling, 2012) . This coefficient may change for a variety of reasons, such as the occurrence of unexpected events or changes in the financial situation of the household. Thus, we develop a flexible framework that allows for such changes. In addition, the time varying coefficients improve the predictive power of a model (see West and Harrison, 1997) . Therefore, we assume that the parameter αkt has a first order random walk prior as follows:
with ekt ∼ N(0, τe). Thus, the vector αkt consists of unobservable time varying regression coefficients and the coefficients are exposed to random shocks ekt that are normally distributed with a mean of zero and variance, τe. 4 This structure allows us to model the effect of social interaction on the holding of different types of assets and debt dynamically by estimating the time-dependent social interaction effect. It is important to note that this prior does not require us to assume that all αkt have the same values as the previous αk,t−1. Rather, our approach assumes that they come from a common distribution with the mean being equal to the effect of previous exposure, and allows us to estimate the exposure effect at each point in time dynamically. Note that, if the variance τe equals zero, then the regression coefficients αkt are constant over time. Thus, our model nests the specification of constant regression coefficients.
Finally, household level heterogeneity is captured by the random effects term, bki. It is apparent that unobserved household heterogeneity affecting one response may be correlated with unobserved household heterogeneity affecting other responses. Thus, the household heterogeneity terms are assumed to be correlated, that is, b i
12 0 , , , , … ∼ . We also jointly model the four continuous variables, that is, unsecured debt, secured debt, the value of housing assets, and the value of non-housing financial assets held at the household level. One particular issue relates to the fact that there are a large proportion of zeros observed in the data, especially in the context of financial assets. A small number of studies exploring multiple financial decisions based on non-Bayesian methods model the demand for different assets via a two-step approach in order to correct for selectivity. For example, King and Leape (1998) estimate a model for U.S. household portfolio allocation with 11 aggregate asset and liability classifications, whilst Perraudin and Sorensen (2000) aggregate asset and liability holding into stocks, bonds and money. More recently, Christelis et al. (2011) explore three investment choices, namely, direct stock holding, investment in mutual funds, and retirement accounts using a multivariate probit model with selection.
The four continuous variables that we analyze are clearly characterized by a two-part nature, that is, a combination of a point mass at zero and a positively skewed distribution for the values exceeding zero. Such data is sometimes referred to as semi-continuous. In order to model unsecured debt, secured debt, nonhousing financial assets, and housing assets, we develop a two-part Bayesian model, where the first part models the probability that an outcome is non-zero and the second part models the value of an outcome given that it is greater than zero. Specifically, denote the amount of debt or value of assets of a household by Y. A two-part model for the probability distribution of Y consists of: (i) modelling the probability of Y > 0 (using in our case a logistic model); and (ii) separately modelling the distribution of Y|Y > 0. A convenient choice is to assume that [log(Y)|Y > 0] follows a normal distribution. The second part of the two-part model describes the conditional mean of the response given that it is non-zero.
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The four continuous variables are denoted as follows: unsecured debt (y1it), secured debt (y2it), the value of non-housing financial assets (y3it), and the value of housing assets held at the household level (y4it). Let ykit be the k th dependent variable of the i th household in the t th year. Let Rkit be a latent random variable such that: Further, let skit ≡ [ykit|Rkit = 1] denote the positive debt or assets of the i th household in the t th year from the k th variable. We model the probability pkit (i.e., the "binary part") using a random intercept logistic model and the logarithm of the non-zero continuous observations skit (i.e., the "continuous part") using a normal distribution as follows: Conditional on the random effects bi, the likelihood for the i th household is a product of the data and the random effects as follows: 
, where LN denotes the log-normal density.
In modeling the binary outcomes, Ω are the parameters from equation (2), whilst, for modeling continuous outcomes, Ω are the parameters from equation (6). For the two-part model, from equation (6), Li(bi) is the likelihood of the multivariate normal random effects with 0 mean, that is,
We then obtain the unconditional likelihood function for household i as follows:
The final step of the model is to construct the likelihood function for all households observed in the sample. Assuming independence across households, the overall log likelihood function for the sample is given by:
We use a Bayesian Markov Chain Monte Carlo (MCMC) method for parameter estimation for three main reasons. First, our Bayesian estimation procedure, with the incorporation of the recent development of the MCMC method (Gelfand and Smith, 1990; Robert and Casella, 1999; Korteweg, 2012) , is powerful and flexible in dealing with such a complex joint model, where the classical maximum likelihood approach encounters severe computational difficulties (Lopes and Carvalho, 2007) . Note that to estimate our proposed joint model, one would have to develop a two stage estimation procedure, which may not be consistent and may increase the standard errors in estimating the parameters. Second, the Bayesian strategy enables us to examine the entire posterior distribution of the parameters, and to avoid dependence on asymptotic properties to assess the sampling variability of the parameter estimates. Finally, our approach allows us to perform Bayesian model selection and cross-validation procedures, with considerable gains in computational efficiency over those used in conventional classical estimation approaches.
To complete the Bayesian specification of the model, we must assign priors to the unknown parameters. Since we have no prior information from, for example, historical data or experiments, we take the usual route and assign conjugate priors to the parameters. We assume a standard normal prior for the regression coefficients, βk, that is, π β μ σ . For our analysis, diffuse priors can be chosen so that the analysis is dominated by the data likelihood. For the coefficients of social interaction, αkt, we assume a random walk prior as in Dangl and Halling (2012) . Thus, the prior on αkt can be written as follows:
The joint posterior distribution of the parameters of the models conditional on the data are obtained by combining the likelihood and the prior densities using Bayes theorem:
The posterior distributions are analytically intractable. However, the models described above can be fitted using MCMC methods such as the Gibbs sampler (Gelfand and Smith, 1990) . Since the full conditional distributions are not standard, a straightforward implementation of the Gibbs sampler using standard sampling techniques may not be possible. However, sampling methods can be performed using adaptive rejection sampling (ARS; Gilks and Wild, 1992) and the Metropolis-Hastings algorithm.
We construct a test of parameter significance by calculating the Bayes factor (see Kass and Raftery, 1995; Greene, 2012) . This is constructed by formulating the null hypothesis H0 that all of the slope parameters of the model are simultaneously equal to zero against the alternative hypothesis H1 that the former is not true. The Bayes factor has been used in existing finance literature to compare the quality of fit between competing models (see, e.g., Eraker et al., 2003; Duffie et al., 2009) . Prior probabilities can be assigned to the two hypotheses denoted as p(H0) and p(H1), respectively. The prior odds ratio is given as p(H0)/p(H1) and the posterior is generally given by B01 · (p(H0)/p(H1)), where B01 is the Bayes factor for comparing the two hypotheses. Based upon the observed data, the Bayes factor is given as:
where β0 and β1 are the parameters of the probability densities for the data that hold under the two respective hypotheses, and π0(β0) and π1(β1) are the prior probability densities. Hence, the Bayes factor is a ratio between the posterior odds and the prior odds. For both of the models estimated, we also explore whether the dynamic specification in social interaction, see equation (3), is preferred to a static specification. Bayes factors are constructed formulating the null hypothesis H0 that αkt = αk, that is, the influence of social interaction is static against the alternative hypothesis H1 that the former is not true, where αkt ≠ αk.
Data
Our empirical analysis is based on the British Household Panel Survey (BHPS), a survey conducted by the Institute for Social and Economic Research comprising approximately 10,000 annual individual interviews. The existing literature has generally focused on stock market participation in the context of the U.S. To our knowledge, this is the first paper to explore the relationship between social interaction and household finances for the U.K., which is surprising in the context of the changes in stock market participation and financial asset holding in the U.K. over the last three decades with, for example, the widely publicized privatization of public utilities such as British Telecom (see, e.g., Banks and Tanner, 2002) . For wave one, interviews were carried out during the autumn of 1991. The same households are re-interviewed in successive waves-the last available being 2008. Detailed information on debt and asset holding is available in three waves : 1995, 2000, and 2005 . Hence, these three waves are the primary focus of our empirical analysis, which is based on a balanced panel. There are 4,089 households in each year yielding a total of 12,267 observations.
Our measure of social interaction, SIkit, is based on active club membership, constructed from the responses to a series of questions asking individuals whether they are currently active in a range of clubs/groups, namely: a political party; trade unions; an environmental group; a parents'/school association; a tenants'/ residents' group or neighborhood watch; a religious group or church organization; a voluntary services group; any other community or civic group; a social club/ working men's club; sports club; women's institute/townswomen's guild; or any other group or organization. Our focus on active membership follows Putnam (2000, p. 580) , who argues that:
. . . formal "card-carrying" membership may not accurately reflect actual involvement in community activities. An individual who "belongs to" half a dozen community groups may actually be active in none. What really matters from the point of view of social capital and civic engagement is not merely nominal membership, but active and involved membership.
Hence, we use the responses to the questions described above in order to proxy the social interaction of the individual, who in our analysis is the head of household, by constructing an index of the number of clubs that the individual is currently active in, where the index runs from zero clubs to four plus clubs. Our measure of social interaction based on club membership accords with that frequently used in the existing literature (see, e.g., Putnam, 2000; Glaeser et al., 2002; Brown and Taylor, 2009). 6 With respect to the holding of debt and assets modeled via the joint framework of 12 equations, we distinguish between six types of debt: hire purchase agreements; personal loans from banks, building societies, or other financial institutions; credit cards; loans from private individuals; overdrafts; and other debt including catalogue or mail purchase agreements and student loans. With respect to financial assets, we again distinguish between six types: national savings certificates, national savings, building society and insurance bonds; premium bonds; 7 unit/investment trusts; personal equity plans; shares; and other investments, government or company securities. 8 We explore the hypothesis that the effect of social interaction will vary across the different types of assets and debt held, with larger effects expected in the case of the more complicated financial instruments, such as stocks and shares.
For the continuous variables relating to household liabilities, we model the total amount of unsecured debt across the six categories detailed above and the total amount of secured debt, which relates to the outstanding mortgages on property. With respect to assets, we model the total value of assets held across the six categories described above as well as the current value of property. 9 As the distributions of the continuous variables are highly skewed, following Gropp et al. (1997) , we specify logarithmic dependent variables. For households reporting zero values, the dependent variables are recoded to zero, since there are no reported values between zero and unity. Thus, to summarize, we explore the hypothesis that social interaction influences the amount of assets and debt held, as well as whether social interaction has different influences across the four components of the household balance sheet. Table A1 , Panel A in the online Appendix provides sample statistics of debt holding in the form of hire purchase agreements, credit cards, personal loans, overdrafts, loans from private individuals, or other types of debt. Clearly, over the period 1995 to 2005, the least common type of unsecured debt held was a loan from a private individual at 1.3 percent, whilst, in contrast, approximately 19 percent held either credit card debt or a personal loan. The table also shows the percentage of financial asset holding in the form of stocks/shares, national savings, premium bonds, a unit trust, a personal equity plan, or other forms of financial assets. Over the ten-year period, the least common form of financial asset was national savings at 2.5 percent, whilst the most common types of investment were shares and premium bonds at 19 and 21 percent, respectively. Table A1 , Panel B in the Appendix provides summary statistics for the continuous dependent variables in log levels and in monetary units. The average levels of unsecured debt and financial assets over the period were £1830 and £3721, respectively, whilst the levels of mortgage debt and house value were £33,627 and £126,858, respectively. Finally, Figure 1 presents distributional plots of the continuous variables, conditional on holding positive amounts, for 1995, 2000, and 2005 . Whilst there appears to have been no shift in the distribution of financial assets over time, the distribution and mean of unsecured debt has shifted to the right, with individuals holding higher levels of debt over the time period.
The control variables include: age binary controls for whether the head of household is aged 18-24, 25-34, 35-44, or 45-54 (where aged 55 and above is the omitted category); a male head of household dummy variable; a dummy variable for whether the head of household is married or cohabiting; a binary indicator for whether the head of household is white; the natural logarithm of household labor income; the natural logarithm of other household income; binary controls for housing tenure, specifically whether the home is owned outright, owned on a mortgage, or rented (other tenure status is the omitted category); 10 binary controls for head of household's employment status, specifically whether he/she is employed, self-employed, or unemployed (retired, full time student, maternity leave, and government training form the omitted category); the number of children and the number of adults in the household; a binary control for whether the head of household is in good or excellent health (poor health is the reference group); and the highest level of educational attainment of the head of household, distinguishing between degree level, nursing or teaching qualifications, Advanced (A) levels, General Certificate of Secondary Education (GCSEs)), 11 other educational qualifications, and no educational qualifications (the omitted category). We also control for whether the individual reads a national newspaper on a daily basis. The reason for including this control is that it may act as a signal of awareness of current affairs and, potentially, a route for spreading information and thereby making individuals more aware of financial products and investment opportunities, as well as the general prevailing economic and financial climate. Similarly, in an attempt to provide a proxy for access to information, we condition on whether the individual has a computer in the home and also whether a computer was purchased in the last 12 months, that is, whether the potential to access information has increased recently.
12 Finally, we include controls for 17 regions, with London being the omitted category. In Table A2 in the Appendix, summary statistics relating to the variables in X are shown. All monetary variables are deflated to 1991 prices.
To summarize, our rich panel dataset therefore enables us to contribute to the existing literature on social interaction and stock market participation in a number of ways. First, we explore whether the positive association between social interaction and stock market participation prevails within a joint framework which allows for other facets of the household financial portfolio. Second, we explore the effects of social interaction on the holding of a range of financial assets as well on the holding of different types of debt. Thus, in contrast to the existing literature, we ascertain whether social interaction has wider implications for household finances. Third, we extend the existing literature by exploring the effects of social interaction on the amount of household assets and liabilities held rather than restricting the analysis to the holding of a particular type of asset, which has been the focus of much of the existing literature. The joint modeling approach developed in this paper enables us to allow for the interdependence that potentially exists across different parts of the household financial portfolio. Finally, the incorporation of time varying coefficients for the effects of social interaction introduces an additional layer of accuracy in determining the influence of social interaction on household finances.
10 These controls are not included when we model the value of housing and mortgage debt. 11 GCSE level qualifications are taken after 11 years of formal compulsory schooling and approximate to the U.S. honors high school curriculum. The A-level qualification is a public examination taken by 18-year-olds over a two-year period studying between one to four subjects, and is the main determinant of eligibility for entry to higher education in the U.K.
12 Furthermore, following Christelis et al. (2010) , who argue that cognitive skill is associated with stock market participation, computer usage may also act as a proxy for cognitive skill.
Results

The Twelve Equation Model: The Types of Debt and Financial Assets Held
In the case of modeling the holding of different types of debt and financial assets, that is, estimating equation (2), in terms of overall model performance, the calculated log Bayes factor is 16, giving decisive support for rejecting the null hypothesis that the slope parameters are jointly equal to zero (see Kass and Raftery, 1995) . In terms of the correlations in the unobservable effects across the equations, that is, the estimated variance-covariance matrix, these are generally statistically significant, indicating the presence of unobserved household heterogeneity (see Table A3 in the Appendix). The covariance terms between each type of financial asset generally reveal positive interdependence. Interestingly, there is also positive interdependence found between each type of financial asset and credit card debt, overdrafts, and personal loans. These findings indicate interdependence across the different parts of the estimated model and, hence, endorse our joint modeling approach since a univariate approach would overlook such interdependence. Moreover, not taking interdependence into account would result in less efficient parameter estimates from a statistical perspective. Statistically significant correlations in the error terms suggest that there are unobserved factors which influence the probability of jointly holding different types unsecured debt and financial assets. Whilst a positive correlation between various debt and asset categories is perhaps not surprising, there are some instances where a positive correlation exists between debt and financial assets, for example credit card debt and share ownership. This implies that, even after conditioning on observable covariates, households hold portfolios comprising both assets and liabilities. Table 1a presents the results of estimating equation (2) relating to the determinants of the probability of holding particular types of debt and financial assets where the reported coefficients are the Bayesian posterior mean estimates (BPMEs) of βk and αkt. For brevity, we do not present the 95 percent credible interval for each parameter estimate. These are, however, available on request. Initially, we focus on the covariates in X and the estimates of βk. Clearly, for debt and financial assets, there is some evidence of gender effects. For example, considering the effect of gender on the probability of having credit card debt, the "Odds Ratio" (OR) is given by exp exp . β k ( ) = ( ) 0 3087 and is equal to 1.36. Hence, the relative probability of male headed households having credit card debt, in comparison to that of females, is 36 percent. Conversely, male headed households are less likely to have a personal loan. Interestingly, where statistically significant, male headed households have a lower probability of holding financial investments. For example, in terms of the likelihood of holding stocks and shares, OR exp exp = ( ) = − ( )= .
. β k 0 5586 0 57. Households with a married head of household are generally less likely to hold unsecured debt and, conversely, have a higher probability of holding financial assets. In general, there is no effect of ethnicity on the probability of holding debt or financial assets, which contrasts with the U.S. findings of Hong et al. (2004) . We have also interacted gender and ethnicity to ascertain whether there is an additional effect. In each of the 12 outcomes, the interaction term is statistically insignificant. For certain types of debt and financial assets, there is evidence of life cycle effects. For example, relative to households with a head aged 55 and over, those aged 18 to 24 have a higher probability of having a personal loan, an overdraft, or loan from a private individual. Such findings suggest that relatively young individuals are more likely to feel the pressure of adverse financial or macroeconomic shocks and may be more likely to make use of informal credit channels. In addition, households with a head in this age category have a lower probability of holding premium bonds, unit trusts, or a personal equity plan. Compared to those households where the head has no education, the reference category, educational attainment is positively associated with stock market participation. For example, those households with a head with a degree have a higher probability of owning stocks and/or shares, which is consistent with the findings of Hong et al. (2004) for the U.S., and Guiso et al. (2008) , who analyze Dutch and Italian survey data. In addition, households with a head whose highest educational attainment is a degree are more likely to hold national savings, unit trusts, and personal equity plans.
The influence of income has distinct effects on the probability of holding the different types of debt and financial assets. In particular, other household income is positively associated with holding credit card debt and having a personal loan. This may be a cause for concern given that non-labor income includes benefit income, the recipients of which are likely to be lower income households. However, in general, household labor income has no influence on holding debt. Whilst, in contrast, household labor income is generally positively related to holding each type of financial asset, there are no effects from other household income. In terms of the other covariates, outright home ownership generally increases the probability of holding each type of financial asset, which may reflect a wealth effect.
Turning to the influence of social interaction, we have compared the model estimated in equation (2), which includes dynamics, to a more restrictive static model, where, in terms of equation (3), αkt = αk. The null hypothesis that the static specification is preferred to a dynamic one is rejected decisively given that the log Bayes factor is 6, thereby endorsing our dynamic modeling approach. With respect to the hypothesis that the effect of social interaction varies across the 12 components of the household balance sheet, it is apparent that social interaction is positively associated with the six types of debt and the six types of financial assets. So, in terms of direction, the effect of social interaction does not vary across the types of debt and assets analyzed. We now turn to examine the magnitude of the effects.
In order to ascertain the economic magnitude of the effects of social interaction on the probability of holding a particular category of debt or asset, in Table 1b we show how the reported probabilities change for a one standard deviation increase in social interaction, denoted by σSI (reported in Table A2 in the Appendix). This is calculated as follows: expα σ kt SI ( )⋅ { } . The exposure effect of social interaction is positive at each point in time. There are some differences, however, in terms of the magnitude of the estimated effects. For example, in the case of debt, the estimated effect of social interaction at t -3 is particularly pronounced for overdrafts and loans from private individuals, where a one standard deviation increase in social interaction increases the probability of holding the two types of debt by approximately 28 and 36 percentage points, respectively. 13 The latter suggests that social networks may play a crucial role in the provision of informal financial support, signaling the importance of financial support from family or friends if faced with financial difficulties. In contrast, relatively small exposure effects are found in the case of credit card debt, which may reflect the widespread use of this particular channel of credit. Interestingly, social interaction at t -3 has relatively large effects on the holding of personal equity plans, unit trusts, and other investments, suggesting that the effect of social interaction is not just limited to share ownership. The positive effect of social interaction on share ownership, which is consistent with the findings in the existing literature (see, e.g., Hong et al., 2004; Christelis et al., 2010) , is thus found to be robust within a joint modeling framework, which allows for the holding of debt as well as other types of financial assets. Although there are differences found with respect to the size of the estimated social interaction effects, there does not appear to be a clear pattern in the relative magnitudes relating, for example, to the degree of complexity associated with the various financial instruments. 14, 15 In order to explore how robust our findings are to an alternative proxy of social interaction, we construct a measure based on the average number of clubs that adult individuals in the household are actively members of. Table 2a reports the BPMEs for average active club membership in the household, where again it is apparent that all the BPMEs are statistically significant. In Table 2b we present the effect of a one standard deviation increase in the alternative measure of social interaction. The standard deviation is considerably lower than that of the standard deviation of the social interaction of the head of household at 0.8104 as are the BPMEs shown in Table 2a in comparison to those of Table 1a . Consequently, the effect of a one standard deviation increase in the average number of clubs of which adults in the household are members of is generally smaller in magnitude compared to that reported in Table 1b .
The Four Equation Model: The Amount of Debt and Financial Assets Held
Next we jointly model the log amounts of unsecured debt, secured debt, financial assets, and property value; see equations (4) to (6). With respect to overall model performance, the calculated log Bayes factor is 14, which once again gives decisive support for rejecting the null hypothesis that the slope parameters are jointly equal to zero. The estimated variance-covariance matrix, shown in Table A4 13 The figure for individual loans, for example, is calculated as follows: exp exp . . . 14 For robustness analysis, we have also explored the sensitivity of our findings to instrumenting the measure of social interaction. Given that the selection of instruments is always subject to debate, we have explored two different instruments. First, in order to allow for neighborhood effects, we have used the average rate of social interaction in the local authority district that the household resides in. Second, following Agarwal et al. (2011) , who argue that mobility weakens investment in social capital as well as social connections, we use a measure of the head of household's geographical mobility, the number of years they have resided in their current home. The results based on instrumenting social interaction are consistent with our previous findings and are available on request. 15 As discussed in King and Leape (1998) , wealth is an important determinant of household portfolio decisions. Hence, we explore the robustness of the empirical results presented in Table 1 to including net wealth in the set of control variables. Our findings, which are available on request, are robust to the inclusion of this additional explanatory variable. in the Appendix, which reflects the correlations in the unobservable effects across the equations, reveals that the estimated variance parameters are all positive and statistically significant. Positive interdependence is also found in the unobservable effects between all types of debt and both parts of the model, that is, binary and continuous outcomes. This means that, even after controlling for observable characteristics, households are likely to hold (and in higher amounts) unsecured and secured debt simultaneously. This is consistent with the findings of Brown and Taylor (2008) , who examine the level of overall debt and financial assets in the U.K., U.S., and Germany. Similarly, there is some evidence of positive interdependence in the errors terms between secured debt, home ownership, and property value. Indeed, perhaps not surprisingly the largest covariance found is between the error terms of the amount of mortgage debt and the probability of home ownership. Table 3a presents the parameter estimates of βk and αkt, which show the effects of the covariates X and social interaction SI, respectively, on the probability that each outcome occurs and the level-that is, amount-of the continuous outcome, conditional on holding a positive amount. Whilst in Tables 1 and 2 the different types of debt reported relate to unsecured debt and the different types of financial assets relate to non-housing financial assets, the four-equation model also incorporates the level of secured-that is, mortgage-debt and the estimated house value, given their importance in the household balance sheet. Initially, we comment briefly on the covariates in X.
With respect to gender and ethnicity, having a male head of household and/or a white head of household are both associated with a higher likelihood of owning a home and having a higher property value, conditional on ownership, whilst conversely white household heads are found to have lower levels of secured debt. We have also included an interaction term between gender and ethnicity which is found to be statistically insignificant. Households with married heads not only have a higher probability of having mortgage debt, which may reflect the fact that secured loans are the joint liability of both spouses, but they also have a larger amount of mortgage debt. For both unsecured and secured debt, there is evidence of life cycle effects on the likelihood of holding the respective types of debt, culminating at the age range of 25 to 34. This is also the age group where the amount of unsecured and secured debt is at its highest level. The effects of age on both the probability of owning a home and the value of the property are monotonic and largest for those households where the head is approaching retirement.
In comparison to having a head with no education, having a degree decreases (increases) both the likelihood of holding and the amount of unsecured (secured) debt held. Conversely, having a degree relative to a head of household with no qualifications is positively associated with both the probability of holding and with accumulating greater amounts of both financial assets and property value. With regards to housing tenure, the only significant effect stems from outright home ownership-that is, without a mortgage-which is associated with a higher probability of possessing non-housing financial assets and, conditional on owning property, having a larger estimated house value. Interestingly, the head of household's employment status has no influence on either type of debt, financial assets, or house value. The only consistent income effect stems from other household income which increases both the probability of holding and the amount held of both types of debt. Both the probability of owning non-housing financial assets and the amount of such assets held are positively related to labor income. For example, a 1 percent increase in labor income is associated with a 16 percent higher probability of owning non-housing assets. This is calculated as follows: OR = exp(0.1509) = 1.16, that is, 16 percent (given that the continuous outcome is logged). The effects of the covariates on the amount of liabilities and assets held are generally consistent with that of the existing literature (see, e.g., Cox and Jappelli, 1993; Gropp et al., 1997; Brown and Taylor, 2008) .
We now focus on the key parameters of interest associated with social interaction, namely αkt. As with modeling the binary outcomes, we have compared the model estimated in equations (4) to (6), which includes dynamics to a more restrictive static model, where in terms of equation (3), αkt = αk. Again, the null hypothesis that the static specification is preferred to a dynamic one is rejected decisively given the log Bayes factor of 8. Social interaction is associated with a higher probability of each outcome occurring, which is consistent with the results of Table 1a . For example, a one standard deviation increase in social interaction increases the probability of holding unsecured debt by: OR = {exp(0.1720) · 0.9375} = 1.11, that is, around 11 percentage points.
Social interaction is also found to be positively related to holding higher amounts of both unsecured and secured debt, as well as financial assets and housing assets. For example, a one standard deviation increase in social interaction increases the level of unsecured debt by: OR = {exp(0.3382) · 0.9375} = 1.31, approximately 31 percentage points. Thus, our findings support the hypothesis that social interaction influences the amount of debt and assets held. In terms of differences in the effects of social interaction across the four continuous measures, it is apparent that, in contrast to the relatively small effect on the value of housing assets, social interaction at t -3 has a particularly pronounced effect on the value of secured debt.
In Table 3b we show the results of replicating the two-part modeling analysis of debt and assets for the alternative measure of social interaction based on the average number of clubs of which adults in the household are active members. Consistent with the results shown in Table 3a , social interaction is found to have positive effects on the probability of holding and the amount of both types of liabilities and both types of assets held. In terms of the monetary amounts held in debt and financial assets, the effect of social interaction is positive at each point in time.
Conclusion
We have developed a joint modeling framework, which has allowed us to explore the relationship between social interaction and debt and asset holding at the household level. This framework has enabled us to conduct comprehensive empirical analysis of the relationship between social interaction and household finances, thereby furthering our understanding of the implications of social interaction for financial and economic outcomes. Furthermore, the joint modeling approach developed in this paper has allowed for the interdependence that potentially exists across the different parts of the household financial portfolio. Additionally, the incorporation of time varying coefficients for the effects of social interaction has introduced an extra layer of accuracy in determining the influence of social interaction on household finances.
Our findings suggest that social interaction has positive influences on both sides of the household balance sheet, indicating that the effect of social interaction is not just restricted to the particular case of share ownership. Throughout the findings, there is evidence that the influence of social interaction on both debt and assets, in terms of the holding of such financial instruments per se as well as the amounts held, is determined by a dynamic process. In terms of the relative magnitude of the effects, we find a relatively large effect in the case of loans from private individuals, highlighting the potentially important role played by informal credit channels in mitigating financial problems. Our findings thus indicate that social interaction plays an important role in many aspects of household finances and, hopefully, will serve to simulate further research in this area.
